Introduction
Schistosomiasis is an environmentally-mediated disease that depends upon the presence of suitable habitats for snails,
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Bing Xu, Peng Gong, Greg Biging, Song Liang, Edmond Seto, and Robert Spear which serve as intermediate hosts for the parasite. Inadequate sanitation and contact with contaminated water that together facilitate the lifecycle of the parasite. In a mountainous region of Sichuan province, China, snails of the species Oncomelania hupensis live along the edges of irrigation ditches in crop fields. The size of the snails is tiny. Adult snails are 6-8 mm in length. Humans or cattle become infected from skin contact with water contaminated by a form of the Schistosoma japonicum parasite called cercaria (Davis, et al., 1999) . After infection, parasites migrate to the liver where they mature into adult worms, mate, and lay eggs. A fraction of the eggs are released in the stool which is used as fertilizer in rural China. When this fertilizer is spread in the fields, the eggs hatch into a free-swimming form called miracidia, which penetrates the amphibious snails. After 30 days in adequate temperature, infected snails subsequently release the cercarial form of the parasite, which complete the lifecycle by reinfecting humans or cattle. Snail population is crucial for more refined analysis of schistosomiasis transmission and for the development of a control model. Such information is traditionally obtained through field survey.
Research has been carried out on the use of remote sensing and geographic information system (GIS) in modeling of such infectious diseases as tryponosomiasis (Rogers and Randolph, 1991; Rogers, et al., 1997; Kitron, et al., 1996) , rift valley fever (Linthicum, et al., 1987; Linthicum, et al., 1999) , malaria (Thomson, et al., 1997 (Thomson, et al., , 2003 Beck, et al., 1997; Hay, et al., 1998) , lyme disease Kitron and Kazmierczak, 1997) and schistosomiasis (Malone, 1997; Zhou, et al., 2002; Seto, et al., 2002; Xu, 2003) . Some of the studies directly correlate remotely sensed data with intermediate host abundance or disease outbreaks. The NOAA satellite series launched since the 1970s carrying on board the AVHRR (Advanced Very High Resolution Radiometer) sensor has been continuously providing data for green-leaf biomass monitoring on a daily basis and has facilitated land surface mapping by adding seasonal dimensions (Tucker, et al., 1985) . Correlation analysis was explored between normalized difference vegetation index (NDVI) generated from the first two channels of AVHRR data and potential virus activity for rift valley fever outbreaks transmitted by mosquitoes in Kenya (Linthicum, et al., 1987) . Similarly correlation was established between NDVI obtained from AVHRR data and mortality rate and abundance of intermediate host of tsetse fly in tryponosomiasis transmission in West Africa (Rogers and Randolph, 1991) . Time series analysis was applied by building an autoregressive integrated moving average (ARIMA) model combining both sea surface temperature and NDVI derived from AVHRR data to forecast the outbreak of rift valley fever five months in advance (Linthicum, et al., 1999) . The prediction accuracy was 100 percent. In schistosomiasis research, Malone, et al. (1997) determined diurnal temperature differences in the Nile River Delta from channel 4 AVHRR data acquired in 1983 and 1990 , and correlated temperature with snail population fluctuations within the corresponding year, obtaining low correlation coefficients (ranging from Ϫ0.04 to Ϫ0.65).
Landsat TM imagery has been applied in infectious disease studies (Hay 2000; Beck, et al., 2000) , but not as widely applied as AVHRR data due to its limitation in covering frequency and relatively high cost. Using Landsat TM imagery, Zhou, et al. (2002) found that snails can be quickly dispersed to areas reached by floods in the lower Yangtze River basin. Seto, et al. (2002) employed a two-tiered classification involving ISODATA clustering and maximum likelihood classification of Landsat TM imagery in Xichang city, Sichuan province, China, to discriminate snail habitat from non-habitats with an accuracy of approximately 89 percent. Land parcel size in this study area is often smaller than the 30 m by 30 m pixel of the Landsat data. Snail habitat identification is limited by the spectral mixing of various cover types. Therefore, Xu, et al. (1999) tested a fuzzy classification approach to the same dataset as in Seto, et al. (2002) but obtained no promising results.
Although not as popularly used as AVHRR data for endemic disease studies, TM and ASTER data are the most available data that can be used to derive relatively detailed landcover and land-use information over large land areas. The 30 m resolution of TM type of data serves the purpose of bridging the gap between the low resolution but frequent weather satellite coverage and the high resolution but low frequency coverage such as the Ikonos and Quickbird.
Snails are too tiny to be detected from satellite images. However, we want to indirectly estimate snail population by investigating snails' living environment. In this study, we explore the relationship between land-cover and land-use types and snail abundance over a mountainous region in Sichuan, China. On one hand, we want to assess the capability of moderate resolution data such as TM data in extending local-scale knowledge to large-scale monitoring of the disease transmission (Xu, et al., submitted) . On the other hand, as in most parts of the populated regions of the world, land parcel size in this region is usually smaller than a 30 m resolution pixel. Extracting surface cover information at subpixel levels thus becomes important. We assess the potential of fractions of land-cover and land-use types extracted at the 30 m resolution level in snail abundance prediction through multiple variate analysis.
Although there are studies indicating that snail population, like other organisms in the natural environment, tends to be clustered in the field, their spatial contribution to supporting the disease cycle is less understood. Spatial dependence is considered as one of various geographic representations and possibly causes of certain phenomena (Miller and Wentz, 2003) . The contribution of spatial autocorrelation based on measured snail population is examined for the prediction of snail abundance.
Study Site, Data Description and Study Design
Surrounding Qionghai Lake at the southern edge of Xichang City, Sichuan province, our study site resides in the valley of a mountainous area of western China with an elevation range of 1500 to 2700 m. Over this site, a multispectral Ikonos image (4 m resolution) was acquired in December 2000, covering an area of 137 km 2 (Plate 1) (Space Imaging, 1999) . The study site consists of approximately 200 residential groups organized into four townships. As the lowest level of organization of farmers in the administrative structure of China, residential groups are natural villages. The climate of our study site is subtropical with an annual average temperature of 17 °C and an annual rainfall of about 1,000 mm, over 90 percent of which falls between the beginning of June and the end of October. The main agricultural products are rice, corn, wheat, bean, garlic, rape, eggplant, and tomatoes (Spear, et al., 1998) . People get infected by planting crops and vegetables in the lowland, upland fields, and the terraced areas, or by washing their feet and working utensils along the ditches where the irrigation system runs, or by playing in the riparian zones along riverbeds.
In addition, an ASTER image acquired in August 2002 over the study area was obtained for this study (LPDAAC, 1999) . ASTER is a Japanese instrument sensor system on board of the Terra satellite launched in December 1999. It has visible, NIR and thermal channels with ground resolutions ranging from 15 m to 90 m. Its visible and near infrared imaging subsystem allows stereo imaging at 15 m ground resolution through its nadir and backward looking telescopes.
Among the 200 natural villages, 19 villages have been under our intensive investigation for the past four years. A ditch network for each of the 19 groups was constructed by using a differential Global Positioning System (GPS) in the summer of 2000. At the same time, a snail survey was done every 10 m along the ditches of all 19 residential groups (Plate 1). Altogether 10,558 sites were visited for snail survey. For each site, the number of snails was counted within "kuang," which is a frame occupying a 0.11 m 2 area. Among these sites, 3,157 sites were found having snails and 7,401 sites were not. The ultimate goal of this study was to predict snail density given any remotely sensed imagery at spatial resolutions coarser than 30 m. To achieve this goal, we had two intermediate objectives (Figure 1 ). One objective was to extrapolate point snail survey data to greater spatial extents at coarser resolution level. We correlated the number of snails found at each survey site with the neighboring land-use fractions generated at 30 m pixel level. As snail survey sites are spaced and collected every 10 m along the ditches, each 30 m by 30 m pixel area could contain up to 9 such sites (commonly 3, as ditches are linear features). To avoid repeated observations of snail numbers (up to 9 sites with different number of snails) regressed with the same set of land-use fraction variables, we set each snail survey site at the 4 m Ikonos image as the center of the snail habitat, and overlay a unique 7 ϫ 7 (to approximate 7.5 ϫ 7.5) pixel neighborhood to derive land-use and land-cover fractions. In this way, although certain overlap may present, each snail survey site corresponds to a unique set of land-use fractions. The land-use fractions at 30 m pixel level summarized from the Ikonos multispectral image classification were used to build snail abundance prediction models. Once such models are built, they can be used to derive snail abundance at the 30 m pixel level.
The second objective was to derive land-use fractions from spectral reflectance of any remotely sensed imagery. We use classification results from the multispectral Ikonos imagery and the ASTER derived digital elevation model (DEM) as "ground truth" data. The proportions of those land surface covers can be estimated at the 30 m resolution level from spectral reflectance data of Landsat TM or EO-1 multispectral ALI or hyperspectral Hyperion images (NASA, 1996) . Similar to linear spectral unmixing, the rational was to derive land cover proportions at subpixel level from remotely sensed imagery (Gong, et al., 1994; Pu, et al., 2003) . This portion of work was presented in a separate article (Xu, et al., submitted) . Once we are able to derive land-use fractions from moderate to coarse resolution data, we are interested in extrapolating field snail population survey to the whole region by first estimating land cover fractions from any remotely sensed imagery at a coarser spatial resolution and then estimating snail abundance from the land cover fractions derived from remote sensing.
Land-Cover Classification with Ikonos and Elevation Data Derived from ASTER Data
A land-cover and land-use classification scheme was designed in such a way that the end results were not sensitive to seasonality and these land surface categories did not change in the past few years. These categories are residential, road, lowland crop, lowland terrace, upland crop, upland terrace, greenhouse 1, greenhouse 2, bare soil, riverbed, lake, fishpond, forest, shrub, and grassland. Elevation in this mountainous schistosomiasis endemic area is important, as prevalence in the upland regions is higher than that in the lower floodplains. People may grow different agricultural products in the lower and upper lands. Therefore, upland and lowland crop and terraced area were distinct land surface categories in our classification scheme.
The land-cover and land-use map was made by extracting the lake separately and including elevation data in the classification of Ikonos multispectral imagery. Lake delineation was achieved by processing the near-infrared (NIR) channel (band 4) of the Ikonos imagery. The first step of the processing procedure was applying a Sobel filter to the NIR image to enhance the contrast between water and land. A Sobel filter is an edge-enhancement technique that calculates from a 3 ϫ 3 neighborhood the vertical and horizontal gradients and takes the square root of their sum of squares (Jensen, 1996) . A 5 ϫ 5 average filter was applied to the edge-enhanced image to produce an edge-density image. This effectively removed a large number of shaded land areas in the NIR image from being subsequently labeled as water bodies. It also prevented a large number of fishponds from being processed as lake. For the next step, a threshold was empirically determined from the histogram of the enhanced image to threshold out those low gradient areas as a mask of water bodies. Because of the edge-effect of the Sobel and averaging filtering techniques, the detected mask of water bodies was smaller than it ought to be by two pixels around the borders. A region growing morphological filtering procedure was then applied to the mask twice to ensure proper restoration of the water bodies. Some editing was performed on the water-body mask to remove non-water body or fishpond portions in the image. This edited mask was then used as a mask to be excluded during subsequent land-cover and land-use classification (Figure 2 ). The precise extraction of the lake category from the NIR image makes it unnecessary to keep the original lake edge whose spectral properties are different from the central part of the lake.
The DEM was produced using PCI Geomatics ® Orthoengine software applied to the stereopair of the ASTER images taken from nadir and backward looking directions along the same track using the 0.7-0.9 m wavelength band with a ground resolution of 15 m (Figure 2 Figure 1 . Framework of the study design consisting of two portions. One portion on the left establishes a model for predicting snail abundance given land-use fractions. This portion is the focus of this article. The other portion on the right establishes a model for deriving land-use fractions given spectral reflectance of an image. This portion of work was presented in a separate article (Xu, et al., submitted) . Combining these two portions of work, we are able to establish a model to predict snail abundance given a remotely sensed imagery at a coarser spatial resolution, such as TM, ALI, and Hyperion, by using a finer spatial resolution imagery, such as Ikonos, and field survey of snails.
investigated the quality of ASTER derived DEM using PCI Geomatics ® software in mountainous environments in Switzerland and Argentina. They found that the DEM derived from ASTER on average had a Ϯ10 m level of precision in relatively flat areas such as river valleys and floodplains. This level of average precision decreases to 30-50 m on relatively steep slope lands. We did accuracy assessment using 29 GCPs measured with differential GPS. The average root-mean squared error is 6.1 m. The accuracy is sufficient as we use DEM to distinguish the upland and lowland crops whose elevation difference exceeds 50 m.
The Ikonos image was georeferenced to the UTM projection based on the 1984 World Geodetic System. We then treated the geometrically corrected Ikonos scene as the master image, and the DEM was geo-matched to it accordingly. Landcover and land-use classification was performed over the land area from the multispectral Ikonos image and the DEM through a supervised maximum likelihood classification algorithm. As a result, a total of 15 classes are mapped (Plate 2). Before the inclusion of elevation in the classification, there was some confusion among various classes, particularly between the lowland crop and upland crop, and between shadowed areas and the residential areas. These errors were substantially reduced with the inclusion of the DEM layer derived from the ASTER data in the classification. Separate training and test samples were chosen for each class based on field visits of the study site. The test samples were only used for classification accuracy assessment.
Some preliminary studies in this area done by Professor Robert Spear's group in the School of Public Health at the University of California, Berkeley and Professor Xueguang Gu's group in Sichuan Institute of Parasitic Diseases, China suggest that type of crop field plays an important role in schistosomiasis transmission (Spear, et al., 2004) . Therefore, attention was paid to different crop fields as well as to residential and sandy riverbeds. Although forest, lake, shrub, and barren mountaintop occupy a large proportion of the mapped area, they were not considered important schistosomiasis transmission sites. The overall accuracy of the 15 land surface categories is 0.865 measured by Kappa coefficient. For example, the accuracies for the residential, river beds, lowland crop, lowland terrace, upland crop, and upland terrace are 87 percent (out of 2125 samples), 91 percent (out of 4469 samples), 98 percent (out of 751 samples), 89 percent (out of 3134 samples), 97 percent (out of 1193 samples), and 98 percent (out of 2101 samples), respectively.
Snail Density Prediction
For each snail survey site, we placed a transparent 30 m by 30 m mask (7.5 ϫ 7.5 pixel window) over the 4 m by 4 m land-cover map produced by the multispectral Ikonos image and elevation data. The fraction of each land cover within each 30 m by 30 m mask was derived and then used in a multiple regression model to estimate snail abundance of the study area covering approximately 200 residential groups. A prediction model was built based on snail surveys from the summer of 2000 at more than 10,000 sites over 19 groups and their corresponding land-cover fractions (Equation 1):
where k is the number of land-cover classes selected for prediction. Ŝ A (response variable) denotes snail abundance to be predicted at each site. â i and f i , i ϭ 1, 2, . . . k, are estimated model coefficients and corresponding land-cover fractions (explanatory variables). After significance tests and careful assessment of the individual categories, thirteen out of fifteen land-cover and land-use categories were selected for predictions of snail abundance. Lake and forest were removed from the prediction model, as the two categories are insensitive to snail abundance. Two major questions guiding our modeling are: (1) Among these snail survey samples, whether or not will the large number of non-snail sites dilute our real regression trend? If so, how many of non-snail sites should be chosen? (2) Can we visit less snail survey sites to reduce field and laboratory test costs? If so, shall we get similar prediction results as we use the original sample size? We first address the question of choosing the number of non-snail sites. Inclusion of all sites, those having snails (3,157 snails sites) and those not having any snails (7,401 zero-snail sites), causes the slope of the regression model to be low by forcing it to fit those zerosnail sites. Thus, the snail abundance is underestimated. However, removing all zero-snail sites will cause over-prediction. Choosing a reasonable set of non-snail samples is crucial for accurate snail abundance predictions.
Six prediction strategies, each having different number of non-snail sample sites, were tested. In Table 1 , strategy 1 includes no non-snail sites, while strategies 2-6 contain 3,000, 4,000, 5,000, 6,000, and 7,000 randomly-selected, non-snail sample sites, respectively. Strategy 6 uses almost all the nonsnail sample sites. Figure 3 shows a map of predicted snail abundance at 30 m scale for each of the six strategies applied. The lighter the gray tone, the larger the snail population. It is expected that, in general, the gray tone becomes darker with an increasing number of zero-snail sites, indicating that lower snail population is predicted. The standard error in Table 1 is of average residual estimation errors, while the R-square is the variability of the original data explained by the prediction model. It can be seen that both the standard error and the Rsquare value decrease as the number of non-snail sites for inclusion in the regression increases. The difference among the strategies is that the snail sites are kept constant while only the non-snail "0" sites increase. This increase of the "0" sites forces the model to fit the "0" sites. The prediction of "0" sites would introduce errors usually smaller than the errors among snail sites leading to a lower average standard error as a Figure 2 . Resultant lake mask (edges in white) with the digital elevation model (DEM) displayed in the background. The lake mask is generated by thresholding a Sobel filtered near-infrared Ikonos image followed by region growing and editing. The DEM is generated from a stereopair of ASTER images in an original resolution of 15 m. It has been resampled to 4 m for the purpose of image classification.
result. However, the inclusion of "0" sites causes the R-square to decline indicating model inadequacy. Table 2 lists the coefficients for corresponding land-use fractions of the multivariate regression model for each of the strategies. It can be seen that in general the coefficients for each predicting variable decrease with the inclusion of "0" snail sites, indicating increasing underestimation. Within each strategy, high absolute value of a coefficient indicates the importance of the corresponding variable to snail prediction. It can be seen from Table 2 that in general, such land-cover and land-use categories as lowland terrace, upland crop, upland terrace, green house 2, riverbed, fishpond, and shrub
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1289 Figure 3 . Mapping of predicted snail abundance with a minimum mapping unit of 30 m pixel when each of the six strategies are applied: (a) Non zero-snail, (b) 3000 zero-snail, (c) 4000 zero-snail, (d) 5000 zero-snail, (e) 6000 zero-snail, and (f) 7000 zero-snail.
Plate 2. The land-cover and land-use map created by separately extracting the lake and classifying the remaining classes using Ikonos multispectral imagery and DEM as an additional variable. have average coefficients larger than the other categories. These categories, which have consistently larger coefficients, shown in all six strategies and the column "average," are important in predicting snail occurrence. While most of them are reasonable, we cannot well explain why green house 1 has negative coefficients while green house 2 has a high positive coefficient. Overlaying the sampled ditch network onto the classification map, we find that there are few greenhouse 1 type of land-cover near the ditch network whereas there are plenty of greenhouse 2 type near the ditch network. Therefore, there may be under-sampling related to greenhouse 1. One possible explanation for the high coefficient of greenhouse 2 is that these greenhouses have better water supply and more comfortable temperatures, which support both commercial vegetable growth and snail growth. This assumption will be further validated in the field. The high coefficient for shrub areas is caused by some classification confusion between shrub and upland terrace, and even some other land-cover types. This is another potential problem requiring further field verification. This may be one reason that the snail population is predicted too large at higher elevations, as can be seen from Figure 3 . We have knowledge from our field trips that there are relatively more snails in the upland terraced areas. Snail population is predicted large wherever there are terraced areas and shrub land. Another reason for high snail prediction in shrub area is that there are no snail survey sites over the mountainous ranges where a large portion of shrub land exists and thus the prediction model in those areas lacks calibration. This would cause uncertainties in model prediction. Different land covers are not evenly distributed over the sampled snail sites. This makes the relative importance of individual land-use category harder to assess. Therefore, we tested on the relative contribution of each land-use category considering the area proportion of each land-use class. The column "Contribution" was obtained by multiplying the predicted coefficient of each land-use class with its corresponding proportion of area occupied in the sampled areas (Table 2) . Lowland terrace, upland crop, shrub land, and lowland crop have generally larger overall contribution than the other categories. The contribution of upland terrace, greenhouse 2, riverbed and fishpond is reduced due to small area proportions of these surface covers. It is also interesting to note that these categories have larger standard errors of the estimated coefficients.
The second question in sampling was whether, if we reduce the total snail samples (both snail and non-snail sites), for example by half, we will get similar prediction results. The lower part of Table 1 shows the prediction model statistics when half of the samples are randomly selected from strategies 1-6 to construct the multivariate regression models. This can be directly compared with the upper part of the Table 1 . The results are similar. Further analysis on snail sampling size may guide us to more efficient field sample collection.
Accuracy Assessment of Prediction and Mapping of Snail Density
Since our ultimate goal is to predict snail density at the village level, it is important for us to assess the prediction results against the aggregated results within the territory of each of the surveyed residential groups. Snail density for each of the villages is summarized from the predicted snail abundance at the 30 m scale by applying each village boundaries. We summed up the snail abundance within the territory of each village, normalized by the village area, to get the snail density. Surveyed ditches for each village actually occupy only a small percentage of area in proportion to the total area of the village polygon. Table 3 shows the level of agreement between the predicted snail density and the average surveyed snail density among 19 villages for each of the six sampling strategies. The inclusion of non-snail sites improves the R-squares over strategy 1, and considerably reduces the standard errors. The standard error should not be used as the only criterion for model selection. The slope is calculated in each model prediction against survey data. It is the slope of a fitted line without an intercept. A value near 1 indicates a realistic model prediction. A value below or above the line indicates an under or over estimation by the model. From Table 3 , we select strategy 3 for subsequent snail prediction over the entire study area because it has a 0.99 slope with the highest R-square value. Figure 4 shows snail density estimated by strategy 3 against the snail density from field survey. More than half of the points are above the 0.99 slope line. This suggests that the model actually overestimates the snail abundance. Group 2 may drag the slope down. While this can be adjusted through some calibration of the predicted data, we leave it for future research. Figure 5 is a snail density map of our entire study area produced based on strategy 3 using each of the over 200
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1291 residential groups and their lands as a mapping unit. The prediction model was built based on snail surveys from 7,157 sites over 19 groups and their corresponding land-cover proportions. While there may still be room to improve prediction accuracy, it is obvious that land-cover and land-use should not be the only predictor for snail distribution. The snail density for every group was therefore mapped using the landcover proportion data over the entire study area ( Figure 5 ). Thus, we were able to use remotely sensed data to extrapolate field survey data.
Spatial Dependence of Snail Distribution
Snails' distribution on land surface tends to be spatially clustered. Contribution of spatial dependence forming current snail distribution is explored. Spatial autocorrelation of snail clusters is incorporated with land-use fraction information to predict snail abundance using kriging and regression. Kriging as a spatial prediction technique has been applied to a number of fields such as geology and geophysics, soil science, and environmental pollution and even socio-economic fields. Uses of kriging in public health applications have emerged in the last decade including the mapping of influenza-like illness epidemic (Carrat and Valleron, 1992) and local variation of malaria risks (Kleinschmidt, et al., 2000) .
We applied geostatistical methods to investigate the snail distribution caused by spatial autocorrelation. A total of 900 snail sample locations were randomly selected from the 19 villages that have been surveyed. Variogram was used to measure the degrees of spatial autocorrelation and search for spatial patterns at various scales. Empirical variograms with both omni directions and directions along 0Њ, 45Њ, 90Њ and 135Њ were tested and did not show obvious anisotropies. After evaluation of these variograms, we ended up with using the omnidirectional variogram, which was shown in Figure 6 . A theoretical Gaussian nonlinear least squares model was finally chosen as it achieved the lowest objective value as characterized by the summed fitting errors (Figure 6 ). Using the spatial autocorrelation information alone, characterized by the theoretical variogram model, we generated a snail population map by kriging (Figure 7) . It is interesting to note that the prediction clusters are oriented in a perpendicular direction to the major mountain ranges.
We then incorporated the snail cluster map as one of the predicting variables in conjunction with the 13 previously explored land categories. It was found that the snail prediction at the individual 30 m pixel level (Figure 8 ) using both vertical data layers (i.e., fractions of land-cover and land-use) and the horizontal data layer (spatial dependence) was slightly better than that using vertical data alone. However, the summarized snail density data at each village level appeared to be less accurately predicted. Further studies are needed to investigate the spatial heterogeneity and connectedness of snail distribution. In particular, an improved spatial sampling design is necessary to support spatial autocorrelation studies. 
Summary and Discussion
We generated a land-cover and land-use map based on the classification of an Ikonos multispectral image and DEM derived from ASTER data. Compared with our field visit results, the overall accuracy was 0.865 measured in kappa coefficient. Land-cover proportions at the 30 m resolution were extracted from the land-cover map. A prediction model was built based on snail abundance survey from more than 10,000 sites over 19 groups and their corresponding land-cover proportions. Fishpond, shrub land, upland terrace, greenhouse type 2, riverbed, upland crop, and lowland terrace are important categories in the prediction. Lowland terrace, upland crop, shrub land, and lowland crop had consistently larger overall contribution than the other categories. As there were no survey samples for the high elevation mountainous regions, model predictions over such areas were not reliable. This was compounded by the classification confusion between upland terrace and shrubs causing the prediction less certain over those areas of misclassification. The sampling of the number of zero snail sites was directly related to the overall snail prediction accuracy. Field sampling frequency may be reduced by applying effective sampling design in advance.
The snail density at the village level was mapped over the entire study area using the snail abundance prediction at the pixel level. The R-square between the multivariate regression prediction results and survey results for the 19 villages was 0.87 when all snail survey sites (3,157) and 4000 zero-snail sites were chosen. A preliminary analysis on the spatial dependence of snail population distribution was carried out. Further investigation is needed.
For the remote sensing parameterization of the environmental variables and snail abundance estimation, there is a variety of other remotely sensed data that can be considered in the future to improve the analysis. The DEM might be improved if large scale topographic data becomes available. Radar imagery is a helpful supplementary data source because it is not affected by cloud and thus increases the chances of getting remote sensing data in a cloudy environment like Xichang. Optical remote sensing data have been very difficult to obtain in the wet season. Integrating radar imagery with optical data in a multi-seasonal analysis might help improve land cover classification accuracy. Although we designed on purposely a classification system insensitive to season, vegetation information and soil moisture on particular types of crops grown in the summer may be important. Radar data have some advantage in mapping soil moisture. More data available in the summer and fall can be helpful in modeling snail abundance. Snail abundance estimation should not be limited to only land-cover and land-use data. Other data such as elevation, land forms, hydrological network, and soil properties can also be tested in combination with land-cover and land-use data.
Future snail survey can be guided by a stratified sampling scheme based on land-cover and land-use and geomorphologic features. Stratified sampling may lead to saving of resources if similar environments are not surveyed. More detailed ditch mapping can also be helpful in improving snail survey data. Current snail survey is based on the selected groups. Future snail survey may be undertaken based on similar ditch characteristics. For example, if more snail survey is done to streams and ditches with a shrub and grassland environment, our snail estimation model may be more reliable over such areas. Refinement of field survey and remotely sensed data will help us to understand more about the ecological environment of snails, thus to make more accurate predictions. 
